Background: Gene Set Enrichment Analysis (GSEA) is a powerful tool to identify enriched functional categories of informative biomarkers. Canonical GSEA takes one-dimensional feature scores derived from the data of one platform as inputs. Numerous extensions of GSEA handling multimodal OMIC data are proposed, yet none of them explicitly captures combinatorial relations of feature scores from multiple platforms. Results: We propose multivariate GSEA (MGSEA) to capture combinatorial relations of gene set enrichment among multiple platform features. MGSEA successfully captures designed feature relations from simulated data. By applying it to the scores of delineating breast cancer and glioblastoma multiforme (GBM) subtypes from The Cancer Genome Atlas (TCGA) datasets of CNV, DNA methylation and mRNA expressions, we find that breast cancer and GBM data yield both similar and distinct outcomes. Among the enriched functional categories, subtype-specific biomarkers are dominated by mRNA expression in many functional categories in both cancer types and also by CNV in many functional categories in breast cancer. The enriched functional categories belonging to distinct combinatorial patterns are involved different oncogenic processes: cell proliferation (such as cell cycle control, estrogen responses, MYC and E2F targets) for mRNA expression in breast cancer, invasion and metastasis (such as cell adhesion and epithelial-mesenchymal transition (EMT)) for CNV in breast cancer, and diverse processes (such as immune and inflammatory responses, cell adhesion, angiogenesis, and EMT) for mRNA expression in GBM. These observations persist in two external datasets (Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) for breast cancer and Repository for Molecular Brain Neoplasia Data (REMBRANDT) for GBM) and are consistent with knowledge of cancer subtypes. We further compare the characteristics of MGSEA with several extensions of GSEA and point out the pros and cons of each method. Conclusions: We demonstrated the utility of MGSEA by inferring the combinatorial relations of multiple platforms for cancer subtype delineation in three multi-OMIC datasets: TCGA, METABRIC and REMBRANDT. The inferred combinatorial patterns are consistent with the current knowledge and also reveal novel insights about cancer subtypes. MGSEA can be further applied to any genotype-phenotype association problems with multimodal OMIC data.
Background
Mapping the relation between genotypes and phenotypes is a classical problem in biology. Much of the progress in the post-genomic era lies in the direction of resolving the generalized genotype-phenotype problems. Typically, highthroughput molecular features (genomes, transcriptomes, proteomes, epigenomes, etc.) and physiological traits (cell types, disease risks, prognostic prospects, ethnicity, etc.) of a population of subjects are measured. Scientists aim for identifying a limited number of biomarkers from the molecular features that can predict/categorize the phenotypes. Individual markers are often difficult to interpret and subjected to variations from measurements and targeted cohorts. To alleviate these problems, it is mandatory to combine multiple markers and place them in the context of biological knowledge.
Gene Set Enrichment Analysis (GSEA) [1] is one of the most popular bioinformatics tools toward this end. In the setting where GSEA applies, the "scores" of a large number of genes (typically all protein-coding genes) and a much smaller "gene set" with a known function are provided. The goal is to assess whether the high-scoring genes are enriched with members in the gene set. To achieve this goal, GSEA sorts genes in terms of their scores and establishes a random walk along the sorted genes. It advances one step when hitting a member from the gene set and reverses one step otherwise. The level of enrichment and its statistical significance are quantified by the maximum positive distance from the origin during the random walk. This simple yet powerful method is applicable to a wide range of bioinformatics problems. For instance, one may evaluate the scores of differential expressions between the transcriptomic data of tumor and normal samples and find the enriched functional categories of top-ranking biomarkers.
Despite its strength, GSEA has a major limitation: the score of each gene has to be a scalar. This implies either only one molecular feature is probed or information from multiple features is synthesized into one score prior to the enrichment analysis. When GSEA was first proposed, high-throughput OMIC data were dominated by single-modal measurements such as genome sequencing or DNA microarrays alone. With advance of high-throughput technologies and reduction of their costs, multi-modal OMIC data become increasingly common today. A remarkable example is the Cancer Genome Atlas [2, 3] , where the data of 7 molecular features of the same cohort of patients are provided (DNA sequence mutations, mRNA transcripts, microRNA transcripts, CNVs, single nucleotide polymorphisms (SNPs), DNA methylations, protein quantifications and phosphorylations). Numerous methods have been proposed to extend GSEA to multi-platform data (see the literature review below). However, none of them explicitly captures the combinatorial relations of enrichment information from multiple platforms. For instance, differentially expressed and differentially methylated genes between tumors and normal tissues may be both enriched with the cell cycle control pathway. Yet multiple combinatorial relations may yield this enrichment outcome: (1) differentially methylated cell cycle control genes are subsumed to differentially expressed cell cycle control genes, (2) differentially expressed cell cycle control genes are subsumed to differentially methylated cell cycle control genes, (3) differentially expressed and differentially methylated cell cycle control genes are marginally overlapped, (4) differentially expressed and differentially methylated cell cycle control genes are nearly identical. It is not obvious how these combinatorial relations can be distinguished from the canonical GSEA outcomes.
To resolve this problem, we generalize GSEA to multidimensional scores. The method, termed Multivariate Gene Set Enrichment Analysis (MGSEA), constructs similar random walks by counting the union of gene set members from the sorted genes in multiple platform features. Relations between features in gene set enrichment are quantified by comparing the empirical random walks from the joint features and the expected random walks conditioned on subsets of those features. We further derived the combinatorial functions that map multiple features to enrichment outcomes according to the comparison results. To prove the concept, we first demonstrated that MGSEA successfully captured the designed combinatorial relations of gene set enrichment from simulated data. We then applied MGSEA to the multimodal data of TCGA breast cancer and glioblastoma multiforme (GBM). We calculated the mutual information scores of each gene's mRNA expression, CNV and DNA methylation profiles in delineating known cancer subtypes, and assessed the combinatorial relations of gene set enrichments among the mutual information scores in those three platforms. In breast cancer, the combinatorial patterns dominated by each single platform appeared in comparative numbers of functional categories, while those dominated by mRNA expression moderately surpassed those by CNV and DNA methylation. In GBM, the combinatorial patterns dominated by mRNA expression far exceeded those by the other two platforms. The functional categories belonging to distinct combinatorial patterns were also involved in different oncogenic processes: cell proliferation for mRNA expression in breast cancer, invasion and metastasis for CNV in breast cancer, and diverse processes for mRNA expression in GBM. These findings sustained in two external datasets (METABRIC and REMBRANDT for breast cancer and GBM respectively).
Numerous extensions of GSEA were previously proposed. The SetRank algorithm [4] calibrated the statistical significance of multiple gene sets by considering their overlap and hence reduced false positives. Kim and Volsky [5] developed a modified gene set enrichment analysis method based on a parametric statistical model, which substantially reduced computation time compared to the expensive permutation operations of GSEA. Klebanov et. al. treated the expression of each member of the gene set as a random variable and developed a novel test statistic to model the correlations of multiple genes [6] . In the same vein, Clark et. al. proposed a dimension reduction method in the expression space spanned by members of a gene set [7] . Those multivariate extensions tackled the dependency between gene sets or members within gene sets but kept unimodal feature scores derived primarily from mRNA expressions.
Several other approaches integrated multi-OMIC data in the gene set enrichment analysis. GeneTrail2 handled data from transcriptomics, proteomics, miRNomics, and genomics but reported the enriched pathways for each platform separately [8] . MONA considered regulatory relations between multimodal measurements (such as inhibitory relations between a microRNA expression and its target mRNA expressions) and applied Bayesian inference to assess gene set enrichment probabilistically [9] . moGSA reported a gene set enrichment score by integrating multi-platform data [10] . Despite the merits of each method, none of them explicitly captures combinatorial relations of feature scores from multiple platforms. A more detailed comparison of MGSEA with these methods is reported below.
Methods

Overview of univariate GSEA
We first give a brief summary of univariate GSEA reported in Subramanian et al., [1] . To facilitate calculation of statistical significance we modify the definition of a random walk and make it equivalent to the cumulative distribution function of a random variable. The inputs are a universe gene set L with N genes and a smaller functional gene set S ⊂ L with K < N genes. Each gene in L has a scalar feature score (e.g., the t-test score of differential expression between tumor and normal samples). The output is a p-value quantifying the statistical significance that top-scoring genes are enriched with members of S. The following procedures are executed.
1. Sort genes in L according to their scores in a descending order (from the best to the worst ones). 2. Define x as the rank of genes in terms of their scores, and y(x) as the number of genes above/equal to rank x that belong to the functional gene set S. y(x) can be viewed as a random walk along the sorted genes. Starting with 0, y(x) increments by 1 if the gene of rank x is a member of S, and 0 otherwise. 3. If a feature is informative about S, then the topranking genes are anticipated to be enriched with members in S. Therefore, the random walk would quickly gain a high value and remain stable subsequently. 4. The null hypothesis is that the feature is uninformative about S, and thus members of S are uniformly distributed in the sorted list. The random walk of the null model thus approximates a straight line y ϕ ðxÞ ¼ K N •x. 5. The significance of the gene set enrichment is quantified by the positive deviation of the empirical y(x) from the null model y (x). Specifically, we normalize random walk curves to 0 ≤ y(x) ≤ 1 and treat them as cumulative distribution functions (CDFs) of random variables. P-values are calculated by non-parametric such as the Kolmogorov-Smirnov test, the Mann-Whitney U test, or the permutation test.
A toy example of univariate GSEA is illustrated in Fig. 1 . Suppose there are totally 1000 genes (|L| = 1000) and 50 of them belong to a functional gene set (| S | = 50). In case 1 (solid red line), the gene set members are all concentrated in the top 50 genes. The normalized y(x) thus linearly ascends from 0 to 1 in a small range (x =1-50) and remains at 1 through the remaining ranks. In case 2 (dotted black line), we randomly permute the gene ranks in case 1 10,000 times and plot the mean of the y(x) ′ s from all permutations. The mean random walk resembles a diagonal line connecting (0,0), (1000,1). Cases 1 and 2 represent two extreme conditions where the ranks are either perfectly aligned with or independent of the gene set. Therefore, the random walk of case 1 possesses the maximal positive deviation from the diagonal line, while the mean random walk of case 2 coincides to the diagonal line and has a zero deviation.
Bivariate GSEA
We then consider the simplest extension of GSEA to two features. Two features F 1 and F 2 give rise to two scores for each gene. We sort genes in terms of the two sets of feature scores separately and establish two random walks y F1 (x) and y F2 (x) respectively according to univariate GSEA. The random walk y F1F2 (x) capturing the joint enrichment of two features can be constructed in a similar fashion. At rank x, y F1F2 (x) is the number of functional genes in the union of the top x genes according to F 1 and F 2 feature scores. This procedure is illustrated in Fig. 2a . A positive deviation of y F1F2 (x) from the diagonal line implies that the union of top-ranking genes according to F 1 and F 2 are enriched with the functional genes. However, multiple combinatorial relations may arise from the same enrichment outcome. Analogous to univariate GSEA, a legitimate bivariate GSEA should decipher these relations by comparing the random walks derived from single and double features.
An immediate question for bivariate GSEA is whether the two features jointly provide more enrichment information than each single feature alone. Similar procedures are found in many statistical problems such as nested model selection [11] and stepwise regression [12] . Direct comparison between the random walks of the joint features (y F1F2 (x)) and each single feature (y F1 (x) or y F2 (x)) is inadequate, since y F1F2 (x) is constructed by taking the union of two sorted gene lists, whereas y F1 (x) or y F2 (x) is obtained from one sorted gene list. y F1F2 (x) thus always lies above or on y F1 (x) and y F2 (x) regardless of whether the joint features are more informative than each single feature or not. A fair test for the additional enrichment information of joint features F 1 F 2 relative to a single feature F 1 is to , …, F 2 n represent distinct random permutations of F 2 ranks. The dashed black line denotes the mean of the random walks over permutations. Panel C elucidates the relations of genes selected from the sorted F 1 and F 2 lists at a given rank n. Black and red circles denote the top-n genes according to F 1 and randomized F 2 ranks. The blue ellipse denotes the gene set members among the union of genes in the F 1 (black) and F 2 (red) circles. Both F 1 and F 2 circles have the size of n. The intersection of the functional genes and F 1 genes (the purple area) has the size of k. By taking the union of F 1 and F 2 genes n extra genes are appended (the brown and yellow areas combined), among them there are k extra gene set members (the yellow area) compare y F1F2 (x) to a null model curve y F2 | F1 (x) that randomizes the enrichment outcomes of F 2 conditioned on the empirical enrichment outcome of F 1 . More precisely, at each rank x, y F2 | F1 (x) counts the expected number of functional genes in the union of the top x genes from the sorted list according to the empirical F 1 scores and the sorted list obtained by random permutations of F 2 scores. The conceptual procedures of constructing a conditional random walk y F2 | F1 (x) are illustrated in Fig. 2b .
Rather than undertaking time-consuming random permutations, a conditional random walk can be evaluated analytically. At rank n there are n top-ranking genes and k functional genes from the F 1 list. Suppose by incorporating n genes from a randomly sorted F 2 list n extra genes and k extra functional genes are added. The probability that randomly selected n genes adds n extra genes to the sorted F 1 list of n genes is given by a hyper-geometric distribution 
The denominator denotes the number of possible combinations for choosing n genes according to the randomized F 2 list. The two terms in the numerator denote the numbers of possible combinations for choosing n extra genes outside the sorted F 1 list and n − n extra genes within the sorted F 1 list.
Furthermore, conditioned on those n extra genes, the probability that k extra of them are functional genes is given by another hypergeometric distribution
The denominator denotes the number of possible combinations for choosing n extra genes outside the sorted F 1 list. The two terms in the numerator denote the numbers of possible combinations for choosing k extra functional genes and n extra − k extra non-functional genes outside the sorted F 1 list.
The expected number of extra cancer genes included in the union of the two top-n lists then becomes Figure 2c elucidates the relations of genes selected from the sorted F 1 and F 2 lists at a given rank n.
We compare the maximum positive deviation between the random walk of the joint features y F1F2 (x) and the expected random walk conditioned on F 1 y F2 | F1 (x). A large deviation implies that F 2 provides additional information about gene set enrichment after F 1 is taken into account, and a small or negative deviation implies that either F 2 is uninformative about gene set enrichment or its enrichment information is contained in F 1 . We quantify the statistical significance of the positive deviation by a one-sided Mann-Whiney U test, and use the notation y F1F2 (x) > y F2 | F1 (x) to denote that y F1F2 (x) significantly and positively deviates from y F2 | F1 (x), and y F1F2 (x) ≤ y F2 | F1 (x) otherwise . Reciprocally, we compare y F1F2 (x) and y F1 | F2 (x) to verify whether F 1 provides additional enrichment information conditioned on F 2 .
Combining the results of univariate and bivariate GSEA, we derive the following rules for possible relations of the two features:
-F 1 and F 2 are largely overlapped in gene set enrichment (illustrated in Additional file 1: Figure S1C ).
Multivariate GSEA
The aforementioned procedures can be extended to m > 2 features. There are m sorted gene lists according to scores of features F 1 , …, F m respectively. The random walk of the joint features y F1⋯Fm (x) is constructed by counting the functional genes in the union of m top-x gene lists. The conditional random walk y ðxÞ can be calculated with the same formulas of equations 1, 2 and 3 by substituting the conditioned features F i for F 1 . In principle, one can construct a conditional random walk by permuting the scores of an arbitrary subset of features and fixing all the remaining ones. However, the union of multiple permuted gene lists gives rise to very complicated inclusion-exclusion relations and cannot be reduced to simple forms like equations 1, 2 and 3. Therefore, we only allow the conditional random walks with one feature subjected to random permutations (e.g., y F1 | F2F3 (x)), and discard all the remaining conditional random walks (e.g., y F2F3 | F1 (x)).
More combinatorial relations of gene set enrichment will also arise when multiple features are considered. Yet these combinatorial relations can be reduced to two simple rules according to multivariate joint and conditional random walks. We define a feature dominant among a collection of features if its gene set enrichment information is not subsumed to any other subset of features. Likewise, a subset of features are redundant if they carry significant gene set enrichment information but their information is largely overlapped. We adopt the following rules to determine whether a feature is dominant or whether two features are redundant:
Redundant relations are transitive: if F 1 and F 2 are redundant and F 2 and F 3 are redundant, then F 1 and F 3 are redundant. The aforementioned combinatorial rules of bivariate GSEA can also be simplified in terms of dominance and redundancy of features. Condition 1: 
Results
We justified the utility of MGSEA by four studies. First, we simulated feature scores and gene set memberships according to several combinatorial relations and demonstrated that MGSEA could recover these relations. Second, we defined feature scores of multimodal cancer OMIC data (CNV, DNA methylation, mRNA expression) in terms of their capabilities to delineate tumor subtypes and applied MGSEA to the breast cancer and glioblastoma multiforme (GBM) data from The Cancer Genome Atlas (TCGA). Analysis results indicated that mRNA expression was a dominant feature in many functional categories of both cancer types, and CNV was a dominant feature in many functional categories of breast cancer. Third, we validated these combinatorial relations by applying MGSEA to external breast cancer and GBM data. Analysis results derived from external data were substantially compatible with those derived from TCGA. Fourth, we compared MGSEA with several integrative methods of gene set enrichment by both listing the common and distinct characteristics for each method and quantitatively contrasting their data analysis outcomes.
Analysis from simulated data
We generated random scores of 1000 genes on 3 features (x 1 , x 2 , x 3 ) and created binary indicators (y) for the gene set membership. Feature scores were sampled from a uniform distribution over [0, 1]. Four models were employed to specify the relation between (x 1 , x 2 , x 3 ) and y: (1) y was sampled from logistic regression P
1þ expð20ðx 1 þx 2 þx 3 ÞÞ , (4) z was uniformly sampled over [0, 1], Pðy ¼ 1jzÞ ¼ expð20zÞ 1þ expð20zÞ , and x 1 = t [0, 1] (z + e 1 ), x 2 = t [0, 1] (z + e 2 ), where t [0, 1] (.) is a truncation function that sets values >1 to 1 and values <0 to 0, and e 1 , e 2~N (0,0.1). In brief, models 1-3 specify that x 1 , x 1 x 2 , and x 1 x 2 x 3 are the dominant features respectively, and model 4 specifies that x 1 and x 2 are redundant features. Figure 3 displays the random walks of two features (the left column) and three features (the right column) for the four models (four rows). For model 1 (the first row), the univariate random walk of x 1 (C(1), the left column) is superior to the null model (the undisplayed diagonal line), the univariate random walk of x 2 (C(2)) is not superior to the null model, the joint random walk of x 1 x 2 (C(12)) is superior to the conditional random walk given x 2 (C(1| 2)), but is not superior to the conditional random walk given x 1 (C(2| 1)), indicating x 1 is superior to x 2 in gene set enrichment. The joint random walk of x 1 x 2 x 3 (C(123), the right column) is superior to the conditional random walk given x 2 x 3 (C(1| 23)), but is not superior to the conditional random walks given x 1 x 3 (C(2| 1 3)) and x 1 x 2 (C(3| 12)), indicating again that x 1 is the only dominant feature. For model 2 (the second row), both C(1) and C(2) are superior to the null model, and C(12) is superior to both C(1| 2) and C(2| 1), indicating that both x 1 and x 2 provide indispensable enrichment information. C(123) is superior to C(1| 23) and C(2| 13), but is not superior to C(3| 12), suggesting that x 3 is uninformative of gene set enrichment given x 1 and x 2 . For model 3 (the third row), the random walks pertaining to two features x 1 and x 2 (the left panel) are similar to those of model 2. C(123) is superior to C(1| 23), C(2| 13), and C(3| 12), indicating that x 1 , x 2 and x 3 all provide indispensable information in gene set enrichment. For model 4 (the fourth row), both C(1) and C(2) are superior to the null model, but C(12) is not superior to either C(1| 2) or C(2| 1), indicating that x 1 and x 2 provide redundant information about gene set enrichment. The random walks pertaining to three features suggest that no feature is dominant.
Analysis from TCGA trimodal data of breast cancer and glioblastoma patients
We further employed MGSEA to analyze the integrated OMIC data from the TCGA database. The goal of this analysis was to (1) identify the informative markers in each platform that distinguish tumor subtypes, (2) find the functional gene sets enriched with these informative markers, (3) for each selected gene set infer the combinatorial relations of enrichment information among the platforms, (4) deduce the patterns of those combinatorial relations from all selected gene sets. Two cancer typesbreast cancer [2] and glioblastoma multiforme [3] were selected. For each cancer type, we downloaded the data of CNV (CNV-SNP microarrays), DNA methylations (450 K BeadChip), and mRNA expressions (microarrays The level-2 data downloaded from the TCGA database were converted into a standard format with the following procedures [13] . First, probe-level data (CNV, mRNA microarray) and gene-level data (RNASeq) were rank-transformed into CDF values for each probe/gene separately. The normalized CDF values fell in the range [0, 1] and reflected the relative orders of feature values. For CNV data, the normalized CDF values were adjusted to reduce over-estimation of amplification and deletion events. DNA methylation data did not need normalization as their outputs (β values) were already in [0, 1]. Second, probe-level data were converted into gene-level data by averaging over the probe values for each gene. Third, we filtered out the genes whose feature values were dominated by either missing entries or zeros (more than half of the samples possess invalid values). For breast cancer, the processed data covered 21,501 genes for CNV, 13933 genes for DNA methylations and 20,764 genes for mRNA expressions; while for GBM, the corresponding numbers of genes were 21,491, 14,307, and 19,024 respectively. 10,400 and 10,562 genes possessed all three types of data for breast cancer and GBM, respectively.
As a proof-of-concept demonstration, we chose a well-known task of delineating cancer subtypes with CNV, DNA methylation and mRNA expression data. There are four breast cancer subtypesbasal-like, luminal A, luminal B, and HER2-enriched [14] , and four GBM subtypesclassical, neural, proneural, and mesenchymal [15] . For each feature, we defined a gene score as the mutual information between subtype labels and feature values (CNV level, DNA methylation level, or mRNA expression level) of a gene over the samples:
X and Y denote feature values and subtype labels respectively. X is a continuous random variable, and its marginal probability density function (p(x)) and conditional probability density function (p(x | y)) were inferred from kernel density estimation. Y is a discrete random variable, and its probability mass function (P(y)) was empirically estimated by counting the fraction of samples belonging to each subtype. The mutual information score captures the dependency of subtype labels and feature values for each gene.
It is curious to know whether the data of each platform provides indispensable information about cancer subtype delineation or the information from some platforms is redundant given those from other platforms. To uncover the correlation structure of information from multiple platforms, we sorted genes in terms of the mutual information scores from one platform (e.g., CNV) and compared the distributions of the mutual information scores from another platform (e.g., mRNA expression) between the top-ranking genes and all the genes. Additional file 2: Figure S2 displays the comparison results for all pairs of platforms. Overall, there is low correlation between the information from distinct platforms, as the mutual information scores of one platform are not significantly different between the top-ranking genes and all the genes in terms of the mutual information scores of another platform.
The purpose of gene set enrichment in this task is to find the functional categories of genes that are informative about the cancer subtypes. For each cancer type, we sorted genes in a decreasing order according to their mutual information scores of each platform separately and selected the union of top-ranking genes from all 3 platforms so that 5000 valid genes were included in the universe gene set. We solicited Gene Ontology (GO) categories (http://www.geneontology.org/) [16, 17 ] that contained at least 50 genes in the universe gene set (resulting in 1073 and 1099 gene sets for breast cancer and GBM, respectively) and 50 hallmark gene sets from MSigDB [1, 18] . Both Gene Ontology and Hallmark gene sets were downloaded from the Molecular Signatures Database (MSigDB) (http://software.broadinstitute.org/ gsea/msigdb). We then performed univariate and multivariate GSEA on those functional categories. This requires evaluations of equations 1, 2 and 3 at 5000 ranks over 2172 gene sets. To reduce computation time, we down-sampled the ranks by ten folds, evaluated the random walk displacements at 500 equally distanced "knot" ranks, and constructed a piecewise linear function connecting the knot values as the approximated random walk. Denote features 1, 2 and 3 as CNV, DNA methylation, and mRNA expression respectively. The Mann-Whitney p-values of 16 comparisons of GSEA random walks were reported:
To judge whether each comparison gave rise to a significant positive deviation, we set the threshold of Mann-Whitney p-values to 10 −10 and labeled a comparison significant if the p-value was ≤ the threshold. The threshold was determined by the following procedures. For any given p-value cutoff, we calculated the false discovery rate (FDR) for detecting significantly enriched gene sets. From the empirical data, we assessed the p-values of univariate GSEA for all gene sets and counted the number of significantly enriched gene sets according to the given p-value threshold. We then randomly permuted the mutual information scores of the genes 1000 times. In each random trial, the number of significantly enriched gene sets was counted in the same fashion. The FDR was the expected number of significantly enriched gene sets arising from randomized data divided by the number of significantly enriched gene sets derived from the empirical data: FDR according to this definition is a function of the p-value threshold. Additional file 3: Figure S3 shows the FDRs for the three feature scores in TCGA breast cancer and GBM data (the left column). The FDRs of all features generally declined with decreasing p-value thresholds. In breast cancer, at the p-value cutoff 10 − 10 , the FDRs of both mRNA and CNV were around 0.4, while DNA methylation had a considerably higher FDR (around 0.7). In GBM, at the same p-value cutoff the FDRs of mRNA, DNA methylation, and CNV were about 0.2, 0.5, and 0.8 respectively.
The poor FDRs for DNA methylation in both cancers and CNV in GBM data indicate that the top-ranking genes in terms of these feature scores are enriched with fewer functional gene sets. We selected the top 100 genes in terms of each feature score and counted the number of significantly enriched gene sets according to the Fisher exact test (p-value cutoff 0.05, Additional file 4: Table S1 ). Indeed, the number of significantly enriched gene sets according to mRNA expressions was substantially higher than those according to CNV and DNA methylation in GBM data, and comparable to CNV in breast cancer data.
Functional enrichment of breast cancer subtype biomarkers 434 functional categories contained at least one dominant feature or one pair of redundant features in the breast cancer enrichment outcomes. CNV, DNA methylation and mRNA expression were dominant in 147, 137 and 179 functional categories respectively. (CNV, DNA methylation), (DNA methylation, mRNA expression), and (CNV, mRNA expression) pairs were dominant in 3, 8 and 18 functional categories respectively. Many functional categories either were highly overlapped or had nested subsumption relations. The GO terms from breast cancer data were summarized using REVIGO [19] and were reduced into 212 groups. The parameter setting of running REVIGO is reported in Additional file 5: Table S2 . The Mann-Whitney p-values of all 16 pairwise random walk comparisons among the 434 functional categories are reported in Additional file 6: Table S3 . The combinatorial relations of the three features in the 434 functional categories are reported in Additional file 7: Table S4 and the combinatorial relations of the three features in the 212 reduced functional categories are reported in Table 1. CNV, DNA methylation, and mRNA expression appeared in single dominant or dominant combinatorial relations in 68, 75 and 90 reduced functional categories respectively, indicating informative marker genes in terms of mRNA expression were moderately more enriched with known functional categories than CNV and DNA methylation. About 90% of the reduced functional categories possessed one dominant feature: 54, 65, 72 for CNV, DNA methylation, and mRNA expression respectively. In contrast, only a small number of reduced functional categories possessed multiple dominant features: 3, 7, 11 for CNV-DNA methylation, DNA methylation-mRNA expression, and CNV-mRNA expression pairs respectively.
Many reduced functional categories appeared in Table 1 were involved in well-known cancer-related processes. Furthermore, functional categories belonging to different combinatorial patterns tended to concentrate on distinct underlying processes. For instance, many reduced functional categories involved in cell proliferation (e.g., cell cycle control, epithelial cell development, MYC targets, E2F targets, estrogen response, and DNA repair) possessed mRNA expression as the only dominant feature. In contrast, several reduced functional categories involved in cell invasion and metastasis (e.g., cell adhesion, epithelial-mesenchymal transition (EMT), and immune response) possessed CNV as the only dominant feature. Positive regulation of cell division possessed mRNA expression and CNV as the dominant features; Notch signaling and TP53 signaling possessed mRNA expression and DNA methylation as the dominant features.
We illustrate the interpretation of the MGSEA outcomes with a functional category of positive regulation of cell division. It possessed the dominant features of CNV and mRNA expression. Figure 4 shows the MGSEA random walks of positive regulation of cell division. When comparing the joint random walks of two features with the corresponding conditional random walks (the left column), we found that C (CNV,MRNA) ( Fig. 4e , red) was superior to both C (CNV|MRNA) (blue) and C (MRNA|CNV) (green), while C (CNV,MET) ( Fig. 4a, red) was superior to C (CNV|MET) (blue) but not superior to C (MET|CNV) (green), and C (MET,MRNA) ( Fig. 4c, red) is superior to C (MRNA|MET) (green) but not superior to C (MET|MRNA) (blue). The results indicated that the enrichment information of DNA methylation was subsumed to both CNV and mRNA expression, while CNV and mRNA expression were both indispensable. Comparison of the joint random walks of three features with the corresponding conditional random walks (the right column) also corroborated this conclusion. C (CNV,MET,MRNA) ( Fig. 4f, red) was not superior to C (MET|CNV,MRNA) (green), suggesting that randomizing DNA methylation did not lose extra information. In contrast, C (CNV,MET,MRNA) was superior to both C (MRNA|CNV,-MET) (Fig. 4b , green) and C (CNV|MET,MRNA) ( Fig. 4d , green), suggesting that CNV and mRNA expression provided indispensable enrichment information. The combinatorial relations of features can also be revealed in their mutual information scores. Figure 5a displays the mutual information scores of three features on positive regulation of cell division. High-scoring genes in terms of CNV and mRNA expression were not highly overlapped. In contrast, high-scoring genes in terms of DNA methylation were mostly contained in high-scoring genes in terms CNV and mRNA expression. Therefore, both CNV and mRNA expression were dominant and DNA methylation is subsumed to them.
Functional enrichment of glioblastoma subtype biomarkers 676 functional categories contained at least one dominant feature or one pair of redundant features in the GBM enrichment outcomes. We again performed REVIGO analysis on the membership vectors of these functional categories and reduced them to 272 groups. The Mann-Whitney p-values of 16 pairwise random walk comparisons among the 676 functional categories are reported in Additional file 8: Table S5 . The combinatorial relations of the three features in the 676 functional categories are reported in Additional file 9: Table S6 and the combinatorial relations of the three features in the 272 reduced functional categories are reported in Table 2 .
Unlike breast cancer data, the majority of the functional categories (and reduced functional categories) were dominated by mRNA expression: CNV, DNA methylation and mRNA expression were dominant in 92, 150 and 493 functional categories and 57, 74 and 177 reduced functional categories. The top 4 most abundant combinatorial relations were mRNA expression dominant (147 reduced functional categories), DNA methylation dominant (47 reduced functional categories), CNV dominant (44 reduced functional categories), and DNA methylation and mRNA expression dominant (23 reduced functional categories). All the other combinatorial relations were rare.
The reduced functional categories possessing mRNA expression as a dominant feature were quite different between breast cancer and GBM data. There were 72 and 147 such reduced functional categories in breast cancer and GBM data respectively, and only 8 of them appeared in both datasets. In GBM data, these reduced functional categories were involved in distinct cancer-related processes from breast cancer data, such as angiogenesis, cell-cell adhesion, immune response, inflammatory response, and EMT. The reduced functional categories that appeared in both datasets included mitotic spindle, apical surface, Hedgehog signaling, hypoxia, and G2M checkpoint.
We also illustrate the interpretation of the MGSEA outcomes with a functional category of EMT. Figure 6 shows the MGSEA random walks pertaining to two and three features of EMT. The random walks of the joint features including mRNA expression (e.g., C (MET,MRNA), Fig. 6c, red) were superior to the conditional random walks randomizing mRNA expression (e.g., C (MRNA|MET), Fig. 6c, green) , indicating the dominance of mRNA expression. In contrast, CNV and DNA methylation were both subsumed to mRNA expression. The dominance of mRNA expression was also manifested in the mutual information scores in Fig. 5b . High-scoring genes were populated in mRNA expression, and the high-scoring genes in CNV and DNA methylation scores were overlapped with the high-scoring genes in mRNA expression scores. 
Validation with external datasets
To verify whether the gene set enrichment outcomes of subtype-informative markers were preserved in other multi-OMIC cancer data or idiosyncratic in TCGA, we analyzed external datasets of METABRIC [20] (https://www.synapse.org/#!Synapse:syn2133309) and REMBRANDT (GSE6109 [21] and GSE68848 [22] ) for breast cancer and GBM respectively. Both datasets consisted of CNV and mRNA expression measurements on the same cohort of patients. We handled mRNA datasets with the same procedures as TCGA data processing, and pre-processed CNV data was directly used in our analysis. The processed METABRIC data contained 16,120 genes with valid entries for both platforms and 1775 samples, while the processed REMBRANDT data contained 6593 genes and 127 samples. 935 and 1143 GO gene sets were selected for METABRIC and REMBRANDT respectively, together with 50 Hallmark gene sets, for MGSEA analysis. Reproducibility of the gene-level information in external datasets was validated by several methods. First, we sorted genes by their mutual information scores and counted the fractions of overlap between top ranking genes from TCGA and external data with varying rank thresholds (Additional file 10: Figure S4 ). In general, top ranking genes of both mRNA expression and CNV exhibited reasonable levels of overlap, while mRNA expression achieved higher agreements than CNV. For mRNA expression, about 50% of the top 5000 genes appeared in TCGA and external data for both cancer types. For CNV, the overlap fractions of the top 5000 genes were about 40% for breast cancer and 60% for GBM. The higher overlap fraction in GBM was due to the smaller number of CNV genes in REMBRANDT data. The CNV overlap fraction dropped considerably when the rank threshold decreased, indicating its inferior reproducibility. For instance, in breast cancer data the overlap fraction among the top 2000 genes was about 50% for mRNA expression and 20% for CNV. Second, we solicited several genes undergoing significant subtype-specific copy number alterations according to TCGA references ( [2] for breast cancer and [3] for GBM) and checked whether they encountered the same alterations in external data (Additional file 11: Table S7 ). For breast cancer, HER2-enriched specific amplification of ERBB2, basal-specific amplification of CCNE1, and luminal B specific amplification of CCND1 were remarkably salient in both TCGA and METABRIC data. For GBM, proneural specific amplification of PDGFRA and classical specific amplification of EGFR were strong in TCGA but only moderate in REMBRANDT, while mesenchymal specific deletion of NF1 was inconspicuous in REMBRANDT data. The weak signal of NF1 CNV in REMBRANDT was probably due to limited coverage of NF1 on the platform used by REMBRANDT as previously reported [23] . Third, we plotted the FDR curves of the two external datasets (Additional file 3: Figure S3 , the right column) and compared them with their TCGA counterparts. In both datasets, mRNA expression had a much lower FDR than CNV through the entire range of the p-value threshold. At the p-value threshold 10 − 10 , the FDRs of mRNA expression were lower than 0.3 in both datasets; the CNV FDR was around 0.8 in METABRIC, while the CNV FDR was close to 1.0 in REMBRANDT. Additional file 12: Table S8 and Additional file 13: Table S9 report the combinatorial relations of mRNA expression and CNV in 278 functional categories and 143 reduced functional categories for METABRIC breast cancer data. Similar to the TCGA breast cancer data, mRNA expression was a dominant feature in considerably more reduced functional categories than CNV (96 vs 45). However, unlike TCGA the dominant combination of CNV and mRNA expression was only found in 2 reduced functional category. We also counted the identities and numbers of overlapped functional categories for each combinatorial relation between TCGA and METABRIC and report them in Additional file 14: Table S10 and Additional file 15: Table S11 . Intriguingly, about half of the reduced functional categories possessing mRNA expression as the only dominant feature appeared in both datasets (161, 199 and 90 reduced functional categories in TCGA, METABRIC and both), as well as for CNV (129, 77 and 36 reduced functional categories in TCGA, METABRIC and both).
Additional file 16: Table S12 and Additional file 17: Table S13 report the combinatorial relations of mRNA expression and CNV in 381 functional categories and 161 reduced functional categories for REMBRANDT GBM data. Similar to TCGA GBM data, the vast majority of reduced functional categories possessed mRNA expression as a dominant feature (341), whereas only a small fraction of reduced functional categories possessed CNV as a dominant feature (39). We also counted the identities and numbers of overlapped functional categories for each combinatorial relation between TCGA and REM-BRANDT and report them in Additional file 18: Table  S14 and Additional file 19: Table S15 . The extent of overlap for TCGA-REMBRANDT comparison was weaker than TCGA-METABRIC comparison but exhibited the same trend. About 60% of the reduced functional categories possessing mRNA expression as the only dominant feature appeared in both datasets (478, 341 and 202 functional categories in TCGA, REM-BRANDT and both), whereas the overlap sizes for CNV was about a quarter (77, 39 and 11 functional categories in TCGA, REMBRANDT and both). We also examined whether the cancer-related processes appeared in each combinatorial enrichment pattern of the two TCGA datasets were retained in external datasets. Intriguingly, most aforementioned observations about the processes in mRNA-dominant and CNV-dominant combinatorial patterns sustained in the external datasets. In METABRIC, mRNA expression was the sole dominant feature in reduced functional categories involved in cell proliferation (such as cell cycle control, DNA replication, estrogen response, MYC targets, and E2F targets), and CNV was the sole dominant feature in reduced functional categories involved in cell invasion and metastasis (e.g., cell adhesion, EMT) (Additional file 14: Table S10 ). In REMBRANDT, mRNA expression was the only dominant feature in diverse functional categories such as cell adhesion, angiogenesis, EMT, and inflammatory response (Additional file 18: Table S14 ). In contrast, only a few reduced functional categories possessed CNV as the only dominant feature in both TCGA GBM and REMBRANDT data. Combinatorial patterns with multiple dominant features had no common functional categories between TCGA and external data.
Comparison with other GSEA extensions
As alluded in Background, there are numerous extensions of canonical GSEA, yet to our knowledge none of them explicitly intends to capture the combinatorial relations between the enrichment information from multiple platforms. Therefore, directly comparing the performance of MGSEA with other methods is not quite meaningful. Instead we compared MGSEA with six other GSEA extensions in two aspects. First, we contrasted qualitative characteristics of those methods and discussed the pros and cons as well as the adequate utility for each one. Second, we applied one of those methods, moGSA, to the TCGA breast cancer and GBM data and compared their outputs with the inference results of MGSEA. We chose 6 GSEA extension methods for comparison: moGSA [10] , MONA [9] , GeneTrail2 [8] , Klebanov et. al. [6] , SetRank [4] , and PAGE [5] . Table 3 summarizes the qualitative characteristics of MGSEA and the comparison methods. SetRank, PAGE, and Klebanov et al. address different statistical and computational limitations of the canonical GSEA, and introduce novel algorithms to reduce false positives, to decrease computation time along with increased statistical sensitivity, and to improve multivariate significance testing through multivariate statistics, respectively. The input of these algorithms is identical to that of the canonical GSEA, namely the high-throughput data from one platform (most likely transcriptomic measurements). GeneTrail2 consists of a collection of useful tools to handle GSEA of genomic, proteomic, miRNomics, and transcriptomic data separately. The enrichment In contrast, both MONA and moGSA incorporate multimodal OMIC measurements. MONA incorporates the regulatory relations between mRNA, microRNA expressions and protein levels in a Bayesian inference algorithm for GSEA. moGSA utilizes multivariable latent variable decomposition to determine the most informative features in each OMIC measurements and calculates an integrated score for each gene set.
Each method has merits and shortcomings as well as adequate utility for its application. SetRank is preferred in reducing the false positives of the resulting gene set, with possible issues regarding sensitivity. PAGE is preferred for increased statistical sensitivity and reduced computational intensity, but possible gene-dependency due to co-regulation of genes might violate the assumptions of the statistical model (normal distribution) used by PAGE. The method by Klebanov et al. is useful when correlation between multiple genes is concerned, but the method is less accessible due to lack of readily available programs/packages. GeneTrail2 offers convenient GSEA analysis for different types of data, but an integrated interpretation of the results from different platforms is not readily available. The strength of MONA lies in its ability to integrate pre-existing knowledge of regulatory relations between features on GSEA, but given the widespread context dependency of such relations [24] , outputs based on computationally predicted regulatory relations (such as microRNA and its predicted targets) need to be more cautiously interpreted. moGSA is particularly suited for integrated assessment of GSEA using multiplatform data. However, since only the most informative measurements were incorporated, the relative strength of each feature is not evident in its output. MGSEA explicitly reports the combinatorial relations of enrichment information from multiple platforms, yet it does not generate an aggregate outcome by synthesizing the enrichments from multiple platforms. In this regard, moGSA and MGSEA serve complementary functions.
In order to further elucidate the difference between MGSEA and other methods, we compared the outputs of MGSEA and moGSA by applying both to analyze the breast cancer and GBM TCGA data. The other multimodal method, MONA, was not chosen as it required protein and microRNA expression data, which were beyond the scope of the current analysis. moGSA was run with default parameters, and the outputs were sorted gene sets in terms of their enrichment significance. We varied the threshold of choosing the top-ranking gene sets from moGSA and reported the counts of overlapped gene sets with MGSEA in Table 4 . A substantial portion of the functional categories selected by MGSEA were also detected by moGSA (78 and 166 gene sets in breast cancer and GBM data when the top 20% gene sets from moGSA were chosen). Furthermore, MGSEA provides annotations of the combinatorial relations between features in the selected gene sets. These annotations are unique in MGSEA and cannot be generated by moGSA. 
Discussion
In this study, we propose MGSEA, an extension of the gene set enrichment analysis to the data from multiple platforms. MGSEA can unravel the combinatorial relations of enrichment information from multiple platforms. For a given gene set, we can tell whether the phenotype-delineating information of a feature is indispensable or subsumed to other features by comparing the random walks of joint features and the corresponding conditional random walks. MGSEA successfully captured designed feature relations from simulated data. We further investigated a problem of delineating cancer subtypes with biomarkers extracted from multi-OMIC data, and applied MGSEA to TCGA breast cancer and GBM data to identify the combinatorial relations of gene set enrichment information from multiple platforms. The major combinatorial patterns and enriched functional categories in both cancer types possessed both common properties and unique characteristics. In both cancer types, mRNA expression appeared more frequently as a dominant feature than CNV or DNA methylation. In breast cancer, the number of enriched functional categories possessing mRNA expression as a dominant feature (179) moderately surpassed those for CNV (147) and DNA methylation (137). In GBM, the contrast of those numbers for mRNA expression (493), CNV (90) and DNA methylation (150) was much more salient. Furthermore, the enriched functional categories belonging to distinct combinatorial patterns were quite different. In breast cancer, mRNA expression was the only dominant feature in functional categories primarily involved in cell proliferation, such as cell cycle control, estrogen response, DNA repair, MYC targets, and E2F targets, while CNV was the only dominant feature in functional categories primarily involved in invasion and metastasis, such as cell adhesion and EMT. In GBM, mRNA expression was the only dominant feature in diverse functional categories such as cell adhesion, inflammatory response, angiogenesis, and EMT. In contrast, the combinatorial patterns with multiple dominant or redundant features were much less abundant among enriched functional categories and seemed not concentrated on certain cancer-related processes.
These findings were validated in two independent datasets: METABRIC for breast cancer and REM-BRANDT for GBM. For both cancer types (breast cancer and GBM) and the two features (mRNA expression and CNV), about half of the top 5000 genes in terms of mutual information scores occurred in both TCGA and external datasets. The combinatorial patterns of (mRNA expression alone dominant) and (CNV alone dominant) were over-represented in METABRIC, and the combinatorial pattern of (mRNA expression alone dominant) was over-represented in REMBRANDT. The functional Table 4 Comparison of MGSEA with moGSA. Overlap of significant gene sets at various cutoffs between moGSA and MGSEA as shown for (A) breast cancer and (B) GBM categories belonging to those combinatorial patterns were involved in the cancer-related processes analogous to the TCGA data: cell proliferation for mRNA expression and invasion/metastasis for CNV in breast cancer, and diverse processes for mRNA expression in GBM. Furthermore, the functional categories belonging to those combinatorial patterns were largely overlapped between the inferred outcomes of TCGA and external datasets (about 40-60%).
The inferred and validated combinatorial patterns were overwhelmingly concentrated in two scenarios: mRNA expression alone is a dominant feature (for both cancer types), and CNV alone is a dominant feature (for breast cancer). Lack of combinatorial patterns with multiple dominant features implies that in the same functional category informative markers of multiple platforms rarely cover disjoint subsets of members. Rather, informative markers of distinct platforms seem to be enriched in different collections of functional categories.
The abundance of mRNA expression dominant combinatorial patterns and their enriched functional categories are supported by prior studies of cancer subtype classification. Breast cancer and GBM subtypes were originally inferred from mRNA expression data alone (PAM50 genes for breast cancer [25] and a selected panel of 840 genes for GBM [15] ). Furthermore, the consensus functional categories of the mRNA expression dominant combinatorial patterns between TCGA and external datasets reflect the underlying biological processes differentiating cancer subtypes, such as cell cycle/ proliferation activities [26] and sex hormone activities [27] in breast cancer, and lymphocyte infiltration levels [28] and EMT [29] in GBM. In contrast, the prominence of CNV in subtype delineation and functional enrichment is more striking. CNV and DNA methylation are known to exhibit subtype-specific variations and hence are informative about subtype delineation (such as subtype-specific CNVs reported in TCGA breast cancer [2] and GBM [3] papers, and the overlap of massive CpG island DNA methylation and proneural phenotypes in GBM [30] ). However, enrichment of breast cancer CNV biomarkers in cell invasion and metastasis is unexpected. In breast cancer, mRNA expression and CNV seem to alter the two complementary oncogenic processes respectivelycell proliferation and invasion/metastasisand jointly determine the cancer subtypes.
The FDRs of CNV were generally higher than those of mRNA expression, and were close to 1.0 in REM-BRANDT data (Additional file 3: Figure S3 ). High FDRs of CNV are likely attributed to two causes. First, a chromosomal segment undergoing copy number alteration typically harbors a few driver genes and many more passenger genes. The functional enrichment of the driver genes was therefore considerably diluted. Second, the CNV-subtype associations were much less reproducible than the mRNA expression-subtype associations in external datasets (Additional file 10: Figure S4 ). In particular, subtype-specific copy number alterations of several well-known driver genes in TCGA GBM were weakly or not reproducible in REMBRANDT data (Additional file 11: Table S7 ). Despite the poor FDRs, there was still a non-negligible level of overlap between the CNV dominant combinatorial patterns from TCGA and external datasets (about 50% for breast cancer and 25% for GBM). Some of the consensus functional categories likely capture the real associations.
There are many integration algorithms for multi-OMIC data and numerous extensions of the canonical GSEA. However, relatively few methods extend GSEA from a multi-platform data integration perspective, and none of them attempts to capture the combinatorial relations of enrichment information from multiple platforms. MGSEA complements with other integrative GSEA extension algorithms and provides unique annotations (combinatorial relations of multiple platforms) to the enriched gene sets.
The combinatorial patterns inferred from MGSEA specify relations of informative biomarkers in a functional category between multiple platforms. Intuitively, a feature is dominant if its informative biomarkers are not largely contained in informative biomarkers of other features, and two features are redundant if their informative biomarkers are largely overlapped. These simple relations give rise to an exponential number of possible combinatorial patterns when the data of multiple platforms are provided. Among those combinatorial patterns only one of them requires indispensable importance of all platformsthat all features are significantly enriched and dominant. Although this special case clearly demonstrates the benefit of combining all platforms for gene set enrichment, it is only one of many possible combinatorial patterns that can happen. The purpose of this study is to develop a quantitative tool that identifies the combinatorial pattern(s) best supported by the empirical data, rather than verifying a particular hypothesis regarding combinatorial patterns such as the case where all features are dominant. The special case of dominance of all features is not prominent in the cancer multi-OMIC data in this study. Nevertheless, MGSEA identifies several other combinatorial patterns which have important functional implications. For instance, although most functional categories are dominated by single features in breast cancer data, mRNA expression dominates in the functional categories involved in cell proliferation, while CNV dominates in the functional categories involved in invasion and metastasis. Furthermore, without restricting to particular functional categories, the three platforms still provide indispensable information about cancer subtype classification, as the distributions of mutual information scores from the three platforms are generally independent (Additional file 2: Figure S2 ).
Conclusions
MGSEA addresses the challenge of integrating multimodal OMIC data and delineating their combinatorial relations. We showed that MGSEA was able to recapitulate known properties regarding cancer subtypes when applied to TCGA breast cancer and GBM data, as well as external METABRIC and REMBRANDT datasets.
However, utility of MGSEA is not restricted to cancer subtype classification. It can be applied to any genotypephenotype association problem with multimodal genotype data. The same framework can also be generalized to a reciprocal problem where there are multiple phenotype labels and one OMIC feature (such as PheWAS), or an even broader problem where there are multiple phenotype labels and OMIC features. Extension in these directions can help organizing complicated information extracted from those multiple-high dimensional problems.
